There is now widespread evidence that investment strategies based on value and momentum have been profitable in the past. Moreover, combining value and momentum into a single investment strategy provides investment performance that is less sensitive to market cyclicality. However, portfolio managers may be reluctant to implement such strategies as they can lead to substantial departures from clientassigned benchmarks. In this paper, we implement a combined value-momentum strategy using the Black-Litterman portfolio optimisation framework, applied to a single global market comprising 177 national industry indices of the US, UK and Japan. We develop forecasting models for zero-investment value and momentum strategies, and incorporate the out-of-sample forecasts from these models into the Black-Litterman approach. The combined value-momentum strategy yields a significant improvement in performance relative to the underlying benchmark. Using the Black-Litterman model, we can effortlessly track the benchmark at the desired tracking error level under full investment, long-only and beta-neutral constraints, while producing an average annual investment outperformance of up to 0.7 percent, even after allowing for substantial transaction costs.
Introduction
Value and momentum strategies have both been shown to yield excess returns for investors. Value strategies involve investing in stocks that have low prices relative to some measure of fundamental value, such as the book value of equity, dividends, earnings or cash flow. Value strategies are closely linked to the idea that markets overreact to new information, so that investors benefit from investing in those stocks that have done badly in the past. A number of studies have shown that value strategies are able to generate positive excess returns relative to a simple buy-and-hold strategy (see, for example, Fama and French, 1992; Campbell and Shiller, 1988a; Fama and French, 1988; Campbell and Shiller, 1988b, 1998; Chan and Hamao and Lakonishok, 1991; Lakonishok, Shleifer and Vishny, 1994) . In contrast, momentum strategies involve investing in those stocks that have done well in the recent past. Like value strategies, momentum strategies have been shown to provide returns that are superior to those of a simple buy-and-hold strategy (see, for example, Jegadeesh and Titman, 1993, 2001; Conrad and Kaul, 1998; Richards, 1997; Rouwenhourst, 1998 Rouwenhourst, , 1999 Moskowitz and Grinblatt, 1999; Griffin, Martin and Susan, 2004) .
While both value and momentum investment strategies may outperform simple buyand-hold strategies, they are far from riskless, and indeed each may underperform relative to the market index for sustained periods. In particular, returns to momentum investment strategies tend to be pro-cyclical, while returns to value investment strategies tend to be counter-cyclical (see Bird and Whitaker, 2004) . These contrasting characteristics of value and momentum investment strategies have prompted some authors to combine value and momentum into a single trading strategy. For example, Asness (1997) finds that following a zero-investment strategy that is long in low valuehigh momentum stocks and short in low value-low momentum stocks, produces superior returns. The same is true for a zero-investment strategy that is long in high value-low momentum stocks and short in low value-low momentum stocks (see also Bird and Whitaker, 2004) . However, a potential problem with value and momentum investment strategies -and strategies that combine the two -is that they are likely to lead to substantial departures from client-assigned benchmarks, such as those that are based on diversified equity indices. As a consequence, investment managers are likely to be reluctant to pursue pure value and momentum strategies in spite of the favourable risk-return trade-off that they ostensibly offer.
In this paper, we address this problem by implementing a combined value and momentum strategy using the portfolio optimisation model of Black and Litterman (1990 , 1991 , 1992 . As an illustration, we apply the Black-Litterman approach to a global investment universe that comprises 177 national industry indices for the US, the UK and Japan. Our combination of value and momentum investment strategies builds on previous research in the literature, particularly that of Asness (1997) , and Bird and Whitaker (2004) . First, we extend the findings of Bird and Whitaker (2004) by using an expanded set of measures to screen for value and momentum. Second, we use a regression approach to forecast the relative performance of value and momentum investment strategies, conditioning on the US term spread and the aggregate book-to-market ratio, respectively. The aim is to form a set of out-ofsample return forecasts that exploit the cyclical nature of value and momentum strategies, and which can be incorporated into a broader portfolio formation process.
Our results are promising. Consistent with previous studies, we find that zeroinvestment value and momentum strategies outperform the market over the full sample, although both are highly volatile and each displays prolonged periods of underperformance. However, the forecasting models for both strategies are able to capture much of this cyclicality. Incorporating these forecasts into the Black-Litterman model, we are able to track the market benchmark at any desired tracking error level under full investment, long-only and beta-neutral constraints, while producing an average investment outperformance of up to 0.7 percent per annum, even after allowing for substantial transaction costs. Our results therefore offer investment managers a viable combined value and momentum investment strategy that is consistent with the need to follow a specific client-assigned benchmark.
The remainder of this paper is organised as follows. Section 2 describes the data and methodology used to implement construct the value and momentum portfolios, and to forecast value and momentum returns. Section 3 reports the performance of the value and momentum strategies, and the effectiveness of the forecasting models in forecasting the returns to these strategies. Section 4 incorporates the value and momentum strategy return forecasts into the Black-Litterman model. Section 7 concludes and suggests some potential avenues for future research.
Data and Methodology
Our data comprise the Morgan Stanley Capital International (MSCI) indices at the national industry level. The use of the MSCI indices is appealing for two reasons. First, MSCI uses identical criteria to construct each index and so the indices represent US dollar denominated assets that are directly comparable across countries. Second, the MSCI indices are free from survivorship bias and so returns calculated using these indices represent investment returns that would have been attainable in practice. We consider an investment in three countries: the US, the UK and Japan, and use 59 industries from each country. We use the US dollar value of each index and so effectively assume that the investment is unhedged with respect to exchange rate fluctuations. We pool the three sets of national MSCI industry indices to create a single market universe of 177 country-industries.
All data are taken from DataStream and cover the period 31 January 1995 through 30
November 2004. For each MSCI index, in addition to the total return index (TR) and market capitalisation (MV), we use the following measures of value: dividend yield (DY), earnings-to-price (EP), book-to-price (BM) and cash-to-price (CP). Throughout the paper, we work with value-weighted monthly excess returns. From each month-end total return for each index we subtract the US one-month CD rate. On each date in the sample, we retain in our dataset only those industries for which we have values for all the above data types. We also exclude observations for which any of the value measures is negative. In Section 3, we use overlapping six-month returns, with the portfolio re-balanced each month. In Section 4, however -with the aim of replicating real-world conditions -we use only independent returns but rebalance the portfolio every six months.
Construction of Value and Momentum Portfolios
For the purpose of this study, momentum is defined as the average monthly return over the previous six months. Since our sample starts in January 1995, the first month in which the momentum indicator is defined is June 1995. Value is defined using a combination of DY, EP, BM and CP ratios. These ratios are calculated on a countrycorrected basis along the lines of Asness, Porter and Stevens (2000) . That is, each month we subtract from each valuation ratio for each country index the value-weighted ratio for that country for that particular month. This removes any bias that may arise from systematic differences in valuation ratios across countries. At each month end, we sort the indices in increasing order according to the momentum indicator and assign the indices to quintiles where Q1 and Q5 are the low momentum quintile and high momentum quintile, respectively. Within each of the Q1 and Q5 quintiles, we sort in increasing order by each value variable (DY, EP, BM and CP). We then compute the arithmetic average rank across the four value variables for each of the Q1 and Q5 quintiles. We call this the Composite Value Average Rank. We then re-rank the Q1 quintile by the Composite Value Average Rank, assigning each index to one of five value quintiles, where Q11 is the low momentum-low value portfolio and Q15 is the low momentum-high value portfolio. The same two-way sort is applied to the Q5 quintile, yielding a high momentum-low value portfolio, Q51, and a high momentumhigh value portfolio, Q55.
We next construct two zero-investment strategies. The first, which represents a pure momentum strategy, comprises a long position in Q51 and a short position in Q11. The second, which represents a pure value strategy, comprises a long position in Q15 and a short position in Q11. Note that both the momentum and value strategies are defined relative to the Q11 portfolio This portfolio should be unattractive to investors from both a momentum and a value perspective, and is therefore expected to underperform relative to all other portfolios under all states of the world. A short position in this portfolio should therefore enhance both the momentum and value investment strategies.
We first examine the profitability of pure value and momentum investment strategies.
At the end of month t in June 1995, we form the value and momentum zero-investment portfolios and track their performance from month t through month t+6. Our first portfolio is formed in June 1995 and we measure portfolio returns over the next six months from July 1995 to December 1995. We roll this strategy forward each month Although the portfolio return observations are overlapping, all our results are out-ofsample since we form portfolios in period t employing only information that is available at time t.
Forecasting Momentum and Value Returns
While the performance of momentum and value strategies is already well-established, as is their pro-cyclical and counter-cyclical nature, the literature is currently silent on the issue of forecasting the returns to momentum versus value strategies, and the variables that would be useful in such an exercise. In our case, the issue is complicated by the fact that our investment universe is global, and so the choice of conditioning variables is less obvious. To forecast the returns of the momentum portfolio, Q51-Q11, we use the US term spread, defined as the difference between the yield on a US 10-year government bond and the US 3-month Treasury bill rate. The tem structure captures expected inflation and expected economic growth (see Dalquist and Harvey, 2001 . We would therefore expect the US term structure to be negatively related to momentum returns. To forecast the returns of the value portfolio, Q15-Q11, we use the book-tomarket ratio of the MSCI global market index. Liu and Zhang (2005) show that the book-to-market ratio successfully predicts aggregate equity returns. Both the Q15 and the Q11 portfolios belong to the highest value quintile of the market. The zeroinvestment strategy, which is long in Q15 and short in Q11 should be positively related to the changing book-to-market spread of aggregate market value and growth stocks.
Our forecasting models for the momentum and value portfolios are therefore as follows:
where R Qij,t +6 is the return on quintile Qij between the end of month t and the end of month t+6, TERM t is the US term spread at the end of month t and BM t is the aggregate book-to-market ratio at the end of month t. Each regression is estimated by ordinary least squares using a two-year rolling estimation window to generate out-ofsample forecasts of momentum and value portfolio returns. In particular, we first estimate each regression over the period June 1995 to May 1997, and use this to forecast portfolio returns over the period June 1997 to November 1997. The regression is then estimated over the period July 1995 to June 1997 and used to forecast portfolio returns over the period July 1997 to December 1997, and so on. This yields a total of 84 out-of-sample forecasts of returns for the momentum and value portfolios. Table 1 reports the performance of the two zero-investment strategies and the benchmark market index. Both the value and momentum investment strategies yield higher average returns than the market index, with the value strategy providing the highest return. However, the value and momentum strategies are both very volatile, and consequently perform less well in risk-adjusted terms. Indeed, the Sharpe ratio for both the value and momentum strategies is significantly lower than that of the market index.
The Performance of Value and Momentum Strategies
We find, therefore, that consistent with the results of Asness (1997) , the zeroinvestment momentum and value strategies offer superior performance relative to the market, but are far from riskless.
[ Table 1] To shed more light on the characteristics of the two zero-investment strategies, Figure 1 shows the performance of the momentum strategy (Panel A) and the value strategy (Panel B) against the market index. The momentum strategy outperforms the market particularly when the market return itself is high, for example during the 1995-99 period. In contrast, the value strategy tends to offer superior performance when the market return is low, for example during the 1999-2000 and 2002-03 periods. These results are consistent with Bird and Whitaker (2004) who find that the momentum and value strategies tend to be pro-cyclical and counter-cyclical, respectively.
[ Figure 1] Clearly, to the extent that the returns to momentum and value investment may be predictable, a strategy that switches between momentum and value would potentially offer a superior risk-return trade-off. With this in mind, the results of estimating regressions (1) and (2) over the full sample are reported in Table 3 . The Newey-West (1987) estimator is used to correct the standard errors of the estimated parameters allowing for the overlapping dependent variable. The US term spread significantly predicts variations in the Q51-Q11 portfolio returns with a negative coefficient, reflecting the fact that this portfolio has a very strong growth component, which will be more sensitive to changing interest rates. The aggregate book-to-market ratio offers statistically significant explanatory power for the value strategy returns, with a positive coefficient consistent with our expectation. However, the overall explanatory power of the two regressions -as measured by the R-squared coefficient -is relatively modest.
[ Table 2 ]
To further investigate the performance of the two forecasting models, Figure 2 plots out-of-sample forecast returns for the momentum investment strategy (Panel A) and the value investment strategy (Panel B), together with realized returns. Clearly, the forecasting models are not particularly effective at forecasting the short-term fluctuations in either value or momentum returns, with the exception perhaps of value strategy returns over the period 2003-04. However, it appears that they are effective at predicting the longer run changes in value and momentum returns, and thus to some extent capture the cyclicality that is inherent in value and momentum investment strategies. In particular, it appears that they correctly forecast the downturn in momentum returns from 2001 onwards, and the upturn in value strategy returns over the same period. This suggests that they may be effective tools for discriminating between the value and momentum strategies.
[ Figure 2] 
Exploiting the Momentum and Value Strategies in a Portfolio Context
In the previous section, we developed forecasting models for the momentum and value zero-investment strategies. Despite the evident success of these forecasting models, at least for longer run changes in returns, the portfolios that they suggest would not typically be considered as viable stand-alone investments since they contain substantial amounts of idiosyncratic risk. Rather, they would have to be incorporated into a diversified, actively managed portfolio that closely followed a specific client-assigned benchmark (for example, an aggregate market index or a style benchmark portfolio).
While the traditional mean-variance optimisation framework of Markowitz (1952) (and 'active' variants of it such as the portfolio optimisation approach of Treynor and Black, 1973 ) represents a natural starting point for such an exercise, in practice it suffers from severe limitations. In particular, the portfolios typically produced by mean-variance optimisation are often unintuitive and concentrated, and are highly input-sensitive unless many ad hoc constraints are introduced during the optimisation process. Moreover, it is not possible to incorporate the degree of uncertainty about forecast returns, and so there is no way to distinguish a firmly-held view about the future performance of a security from a weakly-held view (Black and Litterman, 1990) .
Exploiting the success of momentum and value strategies in a portfolio context, and incorporating it into a viable investment vehicle that would acceptable to professional investment managers therefore represents a challenge. We address this issue using the Bayesian optimisation approach of Black and Litterman (1990 , 1991 , 1992 .
1 The
Black-Litterman approach represents a significant departure from the traditional meanvariance framework of Markowitz (1952) . In particular, its starting point is the observation that there already exists a set of 'benchmark' expected returns, namely the equilibrium expected returns that are consistent with the composition of the market portfolio. These equilibrium expected returns can be imputed from the market portfolio weights, the variance-covariance matrix of returns and an assumption about the market's coefficient of risk aversion. This immediately removes the need to specify expected returns for every asset in the investment universe, and in particular for those about which the investment manager does not hold a view. The equilibrium expected returns for the universe of assets are combined with forecast expected returns for a subset of the assets, to yield a set of posterior expected returns and the optimal active portfolio.
We implement the Black-Litterman model using the 177 country-industry indices. We form an optimal portfolio every six months from December 2000 to May 2004, with views over the momentum and value zero-investment portfolios generated by the forecasting models (1) and (2). The performance of the Black-Litterman optimal portfolio is tracked for the six months following its formation, yielding 47 out-ofsample, non-overlapping monthly portfolio return observations. Table 3 shows the forecast returns for the Q51-Q11 and Q15-Q11 zero investment portfolios for each of the eight re-balancing dates. On each re-balancing date, we employ the zero-investment portfolio (either momentum or value) with the highest forecast return. These forecasts are combined with estimates of the equilibrium expected returns of the investment universe available on that date to form the optimal active portfolio. Of course, it is clear from Table 3 that the forecasting models potentially generate extreme return forecasts.
For example, in December 2002 the Q15 portfolio is forecast to outperform the Q11 portfolio by 177.33%. Using such forecasts in the standard mean-variance optimisation framework would lead to unreasonable portfolio weights, and almost certainly an inferior out-of-sample risk-return trade-off. However, in the Black-Litterman model, these extreme forecasts are tempered according to the degree of confidence that we attach to them.
[ Table 3 ]
The Black-Litterman approach is implemented as follows. For an investment universe of N assets, the Nx1 vector of equilibrium expected excess returns is defined as = w' Σw is the variance of the market portfolio return.
In the present case, the universe of assets comprises up to 177 global industry indices, depending on the data items that are available in a particular month. Excess returns are defined relative to the US ten-year government bond yield obtained from DataStream.
We use a value of 3.5% for the global market risk premium, which implies a Sharpe ratio of about 0.25. The covariance matrix of returns is estimated using a single-factor model as in Elton et al. (2003) . This is necessitated by the large number of assets relative to the sample available for estimation. On each rebalancing date we use the [ Tables 4 and 5] Having defined equilibrium expected returns, the posterior expected return vector, which combines the equilibrium expected returns given by (3) with our views on a subset of assets is given by
where τ is a scalar, P is a KxN matrix that defines the K assets over which a nonneutral view is held, Ω is a KxK diagonal matrix that expresses the variance (i.e. the level of uncertainty) over each view and Q is the Kx1 vector of views in the form of forecast returns. We define the values of the P matrix as in Idzorek (2004) . How much weight is placed on the vector E[r] (the equilibrium expected returns) and how much is placed on Q (the forecast expected returns) depends on the values of the scalar τ and diagonal covariance matrix Ω. In the present case, we incorporate a single set of views, namely the forecasts for the constituents of either the momentum or the value zeroinvestment portfolio, depending on which is forecast to have the highest return. 2 For example, in December 2002, the value strategy Q15-Q11 is forecast to outperform the momentum strategy, Q15-Q11, and so we incorporate the forecast return for the Q15-Q11 portfolio. The constituents of the Q15 and Q11 portfolios in December 2002 are given in Table 6 . The equilibrium expected return of the Q15-Q11 portfolio is the capitalisation weighted average equilibrium expected return of these assets (which can be deduced from Tables 4 and 5) , and is equal to 1.07%. This can be thought of as the posterior expected return when we attach zero percent confidence to our forecast return of 177.33%. Conversely, when we attach 100 percent confidence to the forecast return, our posterior expected return is 177.33%. To incorporate our forecast return for the Q15-Q11 portfolio, we must therefore specify the confidence with which we hold that view.
[ Table 6 ]
As in He and Litterman (1999), we calibrate the confidence level on the view expressed so that the ratio ω i /τ equals the variance of the view, where ω i is the element of the vector Ω for asset i. The most problematic parameters entering (4) are the scalar τ and the diagonal covariance matrix of error terms Ω. The off-diagonal elements of Ω are assumed to be zero because the error terms are residuals, which are assumed to be independent of one another. The scalar τ determines how close the posterior returns vector is to the equilibrium returns vector, given the confidence we place on our forecasts. The more (less) confident we are in our views the larger (smaller) the value of τ . Since the uncertainty in the mean is much smaller than the uncertainty in the return itself, τ will be close to zero (see Black and Litterman, 1992) . We therefore set τ to 0.1 and then adjust the confidence level according to our belief about next period's performance. Calibrating the confidence level in this remove the need to separately specify the value of τ since it is only the ratio ω i /τ that enters the Black-Litterman formula (see He and Litterman, 1999 ). To adjust the confidence level, we follow Bevan and Winkelmann (1998) and set ω in such a way that no individual posterior expected return is more than two standard deviations from its equilibrium value. For the portfolio formation date December 2002, calibrating the confidence level in this way yields ω = the first three periods (where both forecast returns are positive for both portfolios) has negligible impact on the overall portfolio performance. 0.596. Table 7 [ Tables 7 and 8] In practice, of course, investment managers face a variety of constraints (such as the requirement that only long positions are held, or that the portfolio is beta-neutral with respect to a particular benchmark). In this paper, we adopt the approach of He and Litterman (1999) and use the Black-Litterman model to generate posterior expected returns, and then use the Markowitz model to derive the optimal portfolio subject to a variety of constraints. Here, we impose the following investment constraints:
• Full investment;
• Portfolio is long-only;
• Benchmark-neutral beta; and
• Tracking error constraint
The long-only constraint applies to those institutional investors that are not allowed short sell. The benchmark neutrality constraint is based on the assumption that portfolio managers typically find it very difficult to time the market (see, for example, Grinold and Kahn, 1999). Finally, we consider three separate tracking error constraints: 300bp, 400bp and 500bp. To impose constraints on the investment portfolio, the posterior expected returns vector, ] [ * r E and the covariance matrix, Σ, are used as inputs to the standard portfolio optimisation model of Markowitz (1952) . Note that the resulting constrained portfolio is not optimal, i.e. the excess return per unit of portfolio risk is not constant across assets. However, the Black-Litterman optimality condition can be restored by backing out the implied returns from the constrained portfolio using (3), with the constrained portfolio weights in place of the market portfolio weights. Tables 9   and 10 report [ Tables 9 and 10] Before accepting such allocations as final, we analyze the active risk budget. In particular, we want to ensure that the tracking error of 300bp is made up of risks arising only from the assets on which we hold a view (for example, in December 2002, from the five assets in Table 6 ). In this way, we ensure consistency between our expressed views and the risks taken by not holding the benchmark portfolio. To measure this, we employ the marginal risk decomposition method of Litterman (1996) , in which the marginal contribution of asset i is given by Table 6 is given in Table 12 . This shows that the five assets over which we hold views account for over 98% of the tracking error.
[ Tables 11 and 12]   Table 13 reports the annual performance of the constrained Black-Litterman portfolio from January 2001 through November 2004, for the three levels of tracking error.
Active returns are adjusted for transaction costs, which are very conservatively assumed to amount to one percent of the transaction value when re-balancing the portfolio. After allowing for transaction costs, the Black-Litterman portfolio outperforms the benchmark on average by 28bp and 68bp for tracking error levels of 400bp and 500bps
respectively. It underperforms the benchmark by 41bp for the tracking error level of 300bp. Although not reported, the Black-Litterman portfolio very significantly outperforms the benchmark at all three tracking error levels in the absence of transaction costs. The level of benchmark outperformance therefore increases with higher active risk levels. Such a conclusion is also confirmed by the ex-post information ratio. Incorporating the momentum and value zero-investment strategies into a broader market portfolio therefore avoids large departures from the benchmark while still producing convincing outperformance, at least at higher tracking error levels, even in the presence of substantial transaction costs.
[ Table 13 ] given the active returns that it generates, even at the 500bp tracking error level, where the investment manager has considerable flexibility to alter the portfolio composition.
[ Table 14 ]
Finally, we consider how effective the risk control mechanism is along the lines of Bevan and Winkelmann (1998) . In particular, if our forecasts of risk have been good, then (roughly) two-thirds of the time, deviations from the benchmark returns should not exceed the forecast tracking error level. 17 The accuracy of our forecasts is directly related to the confidence level that we have attached to our view assets. We imposed a two-standard deviation constraint on the Black-Litterman expected returns. To check how well our confidence level policy has worked, we standardize the monthly active returns (by dividing actual active returns by the predicted monthly tracking error) for the three tracking error levels. If our risk control mechanism is effective, than we would expect active returns to exceed the one-standard deviation limit no more than approximately one-third of the time (i.e. 16 out of 47 months). Figures 3 plots the standardized monthly performances for the three tracking error levels. The number of months where active returns exceed their respective one standard deviations limits range from 9 (300 and 400bps tracking error levels) to 12 (500bps tracking error level) months, all of which are well below the threshold of 16.
[ Figure 3] 
Conclusion
Combined value-momentum strategies have been shown to provide above average returns while also reducing periods of negative performance. We test the success of such strategies by forming two zero-investment investment approaches. In our global investment universe, consistent with the extant literature, such strategies indeed yield superior returns. However, the large rewards of our zero-investment strategies come at the expense of very high volatility and substantial idiosyncratic risk. From a practical perspective, portfolio managers are likely to be reluctant to pursue such investment strategies owing to the very large tracking errors that they generate relative to typical client-assigned benchmarks.
We solve this potential problem by incorporating the combined value-momentum strategies into the Black-Litterman portfolio model. This model makes it possible for us to deviate from the benchmark only to the extent that we express views on certain value-momentum assets. We obtain such views by forecasting value and momentum returns ex ante. These views are combined with the equilibrium expected returns that are imputed from the capitalisation weights of the market portfolio. We further impose constraints on short-selling, beta-neutrality with respect to the benchmark portfolio, and three different tracking error levels. The out-of-sample performance of the constrained Black-Litterman portfolio is promising. By following a conservative policy with respect to the confidence level with which the views are held, we are able to outperform the benchmark on average, even in the presence of substantial transaction costs. Notes: The figure plots the monthly return to the momentum investment strategy (Panel A) and the value investment strategy (Panel B), against the out-of-sample forecasts from the estimated regression models in Table 2 . 
Time Standard Deviation
Notes: The figure plots the monthly active return of the constrained Black-Litterman portfolio standardized by the forecast tracking error, at the three tracking error levels. (1) and (2) in the main text. t-statistics are reported in parentheses. '*' and '**' indicate significance at the 5% and 1% level, respectively. Table 7 and the estimated variance-covariance matrix of returns as inputs. Notes: The table reports the expected returns of the constrained portfolio in December 2002, imputed from Equation (3) in the main text, using the constrained weights from Table (9) in place of the market portfolio weights. Notes: The table reports the marginal contribution of each of the view assets to the active risk of the constrained Black-Litterman portfolio using the decomposition given by Equation (6) in the main text. 
